Radar reflectivity observations contain valuable information on precipitation and have been assimilated into numerical weather prediction models for improved microphysics initialization. However, low-reflectivity (or so-called no rain) echoes have often been ignored or not effectively used in radar data assimilation schemes. In this paper, a scheme to assimilate no-rain radar observations is described within the framework of the Weather Research and Forecasting Model's three-dimensional variational data assimilation (3DVar) system, and its impact on precipitation forecasts is demonstrated. The key feature of the scheme is a neighborhood-based approach to adjusting water vapor when a grid point is deemed as no rain. The performance of the scheme is first examined using a severe convective case in the Front Range of the Colorado Rocky Mountains and then verified by running the 3DVar system in the same region, with and without the norain assimilation scheme for 68 days and 3-hourly rapid update cycles. It is shown that the no-rain data assimilation method reduces the bias and false alarm ratio of precipitation over its counterpart without that assimilation. The no-rain assimilation also improved humidity, temperature, and wind fields, with the largest error reduction in the water vapor field, both near the surface and at upper levels. It is also shown that the advantage of the scheme is in its ability to conserve total water content in cycled radar data assimilation, which cannot be achieved by assimilating only precipitation echoes.
Introduction
Doppler radar measures reflectivity (related to precipitation) and radial wind fields with a spatial resolution , 1 km and temporal resolution of a few minutes. These observations have been used for convective-scale data assimilation to improve the initial conditions of numerical weather prediction (NWP) models, following the pioneering works of Wolfsberg (1987) , Sun et al. (1991) , and Kapitza (1991) . Many studies have demonstrated that the assimilation of radar observations had positive impacts on short-term precipitation prediction, using either variational (e.g., Gao et al. 2004; Sun et al. 2010; Dawson et al. 2015) or ensemble-based data assimilation techniques (e.g., Zhang et al. 2004; Tong and Xue 2005; Zhang et al. 2011; Snook et al. 2012) . Despite some success demonstrated in research and operations efforts, assimilating radar data into high-resolution NWP models remains a challenging problem.
Although both radar radial velocity and reflectivity have been proven valuable for improved convective forecasting, the assimilation of reflectivity has been more widely done because of its direct link to hydrometeors. Radar reflectivity measures the transmitted power returned by particles in the atmosphere, such as raindrops or insects. The equivalent reflectivity factor (mm 6 m 23 ) is proportional to the number of drops per unit volume and the sixth power of the drop diameter within the Rayleigh scattering regime when the particle is much smaller than the radar wavelength and can, therefore, be used to estimate rain or snow intensity. Following previous radar data assimilation studies, 10 times the logarithm of the equivalent reflectivity factor (dBZ) is used in this paper and referred to as reflectivity. Precipitation particles typically produce reflectivity . 10 dBZ (Knight and Miller 1993) at S band with a 10-cm wavelength, while weaker reflectivity characteristics indicate nonprecipitating clouds. These weaker reflectivity echoes, or no-rain data as they are called throughout this paper, provide important information on areas lacking precipitation, which are typically associated with low relative humidity. This information can potentially improve precipitation forecasts if assimilated properly.
The main objective of the current study is therefore to develop a scheme that allows effective assimilation of such no-rain data. Stricter criteria for choosing the norain data are presented in section 2b. Reflectivity observations can be assimilated either directly via an observation operator that connects them to model microphysical variables (Xiao et al. 2007; Jung et al. 2010) or indirectly by deriving those variables from the reflectivity prior to assimilation (e.g., Albers et al. 1996; Crook 1997, 1998; Stephan et al. 2008; Xue et al. 2003; Hu et al. 2006; Wang et al. 2013) . Although the advantage of the direct method is that it allows assimilation of an observed quantity using a mathematically more rigorous forward operator, Wang et al. (2013) argued that the indirect assimilation method has the advantage of avoiding the linearization error of the nonlinear relationship (or forward operator) between reflectivity and the microphysical variables used in a direct method. Moreover, the indirect method is computationally less expensive. The current study follows Wang et al. (2013) in its use of the indirect method.
Several studies of reflectivity data assimilation have demonstrated that cloud analysis in an assimilation scheme, which not only estimates hydrometeor mixing ratios but also latent heat or in-cloud relative humidity, is an important component in improved shortterm precipitation prediction. Such cloud analyses can essentially initialize a model with a ''hot start,'' thereby alleviating the model ''spinup'' problem. Albers et al. (1996) showed that a cloud analysis scheme adjusting atmospheric variables such as cloud condensate, hydrometeors, and in-cloud temperature improved the effects of radar reflectivity assimilation. Hu et al. (2006) showed that a similar cloud analysis scheme estimating latent heat and humidity within the cloud improved the prediction of a tornadic storm. Zhao and Xue (2009) documented the powerful impact of cloud analysis and in-cloud moisture adjustment on the prediction of a hurricane. Wang et al. (2013) showed that the assimilation of humidity pseudo-observations from in-cloud moisture adjustment in a three-dimensional variational data assimilation (3DVar) system had a noticeable impact on the short-term precipitation prediction of summer convective events.
Although cloud analysis has proven useful for convectivescale data assimilation and precipitation forecasting, problems remain. One is that most cloud analysis schemes mainly seek to enhance humidity (e.g., by assuming saturation within cloud) or to add latent heat where radar reflectivity indicates convection. However, adding water vapor in the observed convective area can result in an increased false alarm rate and overprediction. Therefore, one of the objectives for effective assimilation of no-rain reflectivity data is to develop a method that reduces excess water vapor associated with spurious convection.
A challenge in developing such a method involves how to account for a tolerable location error of the modeled precipitation. A point-based moisture adjustment approach can overly suppress convection by not allowing any location error in the model background. In this paper, we present a neighborhood-based no-rain data assimilation scheme that assimilates not only weak reflectivity echoes but also pseudo-relative humidity observations. The goal is to remove the spurious precipitation and its extra water vapor, to alleviate the problem of precipitation overprediction. The method is demonstrated using the Weather Research and Forecasting (WRF) Model data assimilation system (WRFDA) 3DVar indirect radar data assimilation scheme (Wang et al. 2013 ) for a convective case in eastern Colorado. A statistical verification is then presented using 2-month, real-time experimental data to show the method's effectiveness.
Although here we present the no-rain data assimilation method using a 3DVar reflectivity data assimilation system, the scheme is potentially applicable to other advanced radar data assimilation schemes based on four-dimensional variational (4DVar) and ensemble Kalman filter (EnKF) techniques (e.g., Sun and Crook 1997 , 1998 Crook and Sun 2002; Snyder and Zhang 2003; Zhang et al. 2004; Dowell et al. 2004; Xue 2005, 2008; Xue et al. 2006; Dowell and Wicker 2009; Snook et al. 2012) . In theory, 4DVar and EnKF can analyze humidity and latent heat associated with convection through multivariate and flow-dependent error covariances represented by constraining the numerical model without the need of prior cloud analysis. However, in practice, Sun and Crook (1997) found using a 4DVar radar data assimilation system that a precipitation ''spindown'' occurred in the first 30 min of the forecast after model initialization by reflectivity assimilation, suggesting that the dynamical balance between the microphysics and the dynamics was not fully established. Tong and Xue (2005) showed using an EnKF system within an observing system simulation experiment study of a simulated supercell storm that the assimilation of reflectivity had much less impact than that of radial velocity. These results likely indicated that a prior cloud analysis scheme can have benefits even for the more advanced techniques.
The paper is organized as follows. Section 2 describes the WRFDA 3DVar indirect radar data assimilation method and neighborhood-based no-rain data assimilation scheme. Results from the case study are presented in section 3. A real-time evaluation of the scheme during summer 2016 is described in section 4. A summary and conclusions are presented in the final section.
2. Neighborhood-based no-rain assimilation method a. WRFDA 3DVar indirect radar data assimilation method
The no-rain reflectivity data assimilation follows the 3DVar framework of Wang et al. (2013) . The incremental form of the cost function in WRFDA 3DVar can be written in a general expression as (1) is H 0 , and R is the observation error matrix. For the indirect assimilation of radar reflectivity, Wang et al. (2013) showed that two additional observation terms, corresponding to rainwater mixing ratio and in-cloud water vapor (both estimated from reflectivity), were added to the 3DVar cost function. In the present study, we followed Wang et al. (2013) but extended the scheme to include snow and graupel in the cost function. Therefore, the cost-function terms related to radar reflectivity assimilation are expressed as follows, with the variable q m standing for rainwater mixing ratio q r , snow mixing ratio q s , or graupel mixing ratio q g :
The first and second terms in Eq. (2) are the background and observation terms for the respective mixing ratios of rain, snow, and graupel. The background term for water vapor q y assimilation is the same as in the standard WRFDA 3DVar for conventional observations so it does not appear in Eq. , respectively. In Eq. (3), q y , q o y , and R qy are the water vapor mixing ratio, its observation estimated from radar reflectivity, and the observation variance matrix, respectively. Here, R qy is specified as 0:2 3 q o y . The hydrometeor mixing ratios q o m are estimated from reflectivity using relationships presented in Gao and Stensrud (2012) , and the pseudo-water vapor mixing ratio observation q o y are estimated by assuming that air in the cloud is nearly saturated above the lifting condensation level (LCL) where reflectivity is .25 dBZ:
where q sa is the saturation water vapor computed from the background, and rh is an empirical relative humidity value in the range 0.85-1.00 (set to 0.85 here). The indirect reflectivity assimilation scheme has been used in several recent studies and demonstrated its capability in improving short-term convective forecasting (Vendrasco et al. 2016; Sun et al. 2016; Tong et al. 2016) . However, these studies also revealed that the scheme tends to yield overprediction bias because it enhances relative humidity where large reflectivity echoes (.25 dBZ) are observed but completely ignores weak reflectivity echoes. A method of assimilating no-rain data from radar reflectivity observations is described below, with the goal of adding a mechanism to suppress spurious convection and thereby improve convective forecasting.
b. No-rain data assimilation scheme
We used a conservative limit of 5 dBZ instead of 10 dBZ (Knight and Miller 1993) to define the no-rain echoes to avoid potential oversuppression of model forecast convection. Figure 1 shows an example of the coverage of no-rain observations in the inner model
domain (see Fig. 2 ). The no-rain data are indicated by the cyan color, which covers large areas around the convective regions of high reflectivity. A challenge in identifying the no-rain observations is associated with data flagged as ''missing.'' Because of either low reflectivity or poor quality, these data can be removed. For the former, 215 dBZ is a threshold typically used to eliminate very weak echoes with a low signal-to-noise ratio. These data can be identified as norain observations and are not rejected in the quality control procedure. However, missing data removed by quality control (beam blocking, ground clutter, anonymous propagation, and others) cannot be treated as no-rain data and must be retained as missing data. Missing data not removed by quality control are considered to be no-rain observations. Therefore, the norain dataset consists of weak reflectivity data (,5 dBZ) flagged as missing data not due to quality control. We executed radar data quality control using the Variational Doppler Radar Analysis System (VDRAS; Sun 2005) preprocessing module.
These weak reflectivity observations provide useful information about areas lacking precipitation, which can be potentially useful in suppressing spurious convection in the model forecast background when assimilated via the cost function in Eq. (2). No-rain observations are assimilated using the local remapped reflectivity value to adjust the water vapor in three-dimensions. However, without the adjustment of water vapor within storms away from saturation, they can be quickly regenerated during the forecast even though they are removed in the analysis. Therefore, a crucial effort is to develop a method to reduce the saturated water vapor such that the no-rain data can be effectively used to suppress spurious convection. The key for effective assimilation of the no-rain data relies on a reasonable estimate of the pseudo-water vapor mixing ratio observation q o y in the cost function in Eq. (3). Based on the assumption that wherever a radar observes no rain, it provides knowledge that the humidity is subsaturated, we obtain the pseudo observation of q o y for grid points satisfying the following three criteria. 1) The estimate is only applied to grid points where the forecast background has precipitation. That is, the rainwater, snow, or graupel mixing ratios of the background, interpolated to the nearby location of norain observations using a three-dimensional bilinear interpolation method, are greater than zero. 2) The interpolated water vapor mixing ratio is close to its saturated value.
3) The height of the no-rain observation must be higher than the LCL (computed from the forecast background).
If the above conditions are all satisfied, q o y will be reduced to a percentage of its original value according to
where q o y is the pseudo observation of the water vapor mixing ratio, Sqv is a prespecified percentage of the (background) subsaturated water vapor, n is the total number of continuous assimilations, and q b y is the background water vapor mixing ratio. Equation (5) is based on the assumption that after n instances of 
continuous data assimilation, the water vapor is reduced to Sqv percent of its background value. Here, ffiffiffiffiffiffiffiffi Sqv n p is specified as 90% in most of the experiments.
c. Neighborhood method
The above point-based humidity adjustment method has the tendency to excessively suppress model-predicted convection in the background field, because it does not have any allowance for location error of the background precipitation. That is, the model may forecast a storm close to the actual storm, with the location only slightly shifted. Moreover, the fact that the total number of norain data points is considerably larger than the storm echoes used to enhance moisture in the original scheme of Wang et al. (2013) (see Table 1 ) can also cause the no-rain data to dominate the effect of assimilation, excessively reducing the water vapor. Therefore, a neighborhood-based method was developed, in which the criterion for determining whether a grid point is precipitation free is based on the percentage of no-rain data to the total amount of data in a specified neighborhood. A detailed description is given below. To further lessen the situations of legitimate isolated and small convection being removed because of the dominance of no-rain echoes surrounding it, the difference between the maximum and minimum reflectivity values in the neighborhood should be ,20 dBZ, which represents the gradient of reflectivity.
A three-dimensional box is used to specify the neighborhood size and can be expressed by
where (x 0 , y 0 , z 0 ) designates coordinates of the no-rain observation point being considered, (x, y, z) represents the coordinates of any radar reflectivity observation in the neighborhood of (x 0 , y 0 , z 0 ), and a, b, and c are the half-lengths of the boxes in the x, y, and z directions, respectively. For a no-rain measurement located at (x 0 , y 0 , z 0 ), it is assumed that there are n nearby reflectivity measurements whose coordinates satisfy Eq. (6). The n reflectivity observations can be divided into two groups, with and without rain, using the threshold value of 5 dBZ. We assumed m no-rain data in the neighborhood of (x 0 , y 0 , z 0 ), so the proportion of norain data in the neighborhood of (x 0 , y 0 , z 0 ) can be determined by a 5 m/n. When a is greater than a prespecified value, which will be called the alpha threshold hereafter, and the difference between the maximum and minimum reflectivity values is ,20 dBZ, the point (x 0 , y 0 , z 0 ) is regarded as no precipitation. Then, Eq. (5) is used to adjust the humidity, and then the adjusted water vapor is assimilated via the cost function component of Eq. (3). Otherwise, the no-rain data are only used in the cost function component of FIG. 4 . Diagram illustrating the two-step procedure of the WRFDA 3DVar with radar data assimilation. In step 1 (blue dashed rectangle), the conventional observations from GTS are assimilated with 3-hourly update cycles. In step 2 (red dashed rectangle), the radar data are assimilated with hourly update cycles with tuned National Meteorological Center (NMC) background errors (BEs).
Eq. (2). The size of the neighborhood is empirical, adjustable by four parameters (i.e., the long, short, and vertical dimensions of the box and the alpha threshold).
3. Evaluation of no-rain assimilation using a case study
In this section, the impact of the no-rain data assimilation scheme is examined using a convective case that occurred in eastern Colorado on 29-30 July 2014. Evolution of the precipitation system is shown in Fig. 3 by hourly precipitation at four times. The precipitation system formed under the influence of a cold front. With increased convergence between northerly cold dry air and southerly warm moist air, the convection initiated in eastern Colorado, where the precipitable water reached .40 kg m 22 , and the maximum wind speed attained was 15 m s
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FIG. 5. (a),(b) FSS, (c),(d) BIAS, and (e),(f)
FAR results for the six experiments averaged over the five 0-12-h forecasts (initialized at 1500, 1800, 2100, 0000, and 0300 UTC 29-30 Jul 2014) for the threshold of 1-mm precipitation. (left) ExpCNTL, ExpNR, ExpNRR15, and ExpNRR45 and (right) ExpCNTL, ExpNR, ExpNRP50, and ExpNRP100.
to the choice of the neighborhood size and alpha threshold in the scheme were conducted in the case study. The results of the real-time performance of the scheme are presented in section 4. The numerical model used was WRF and its 3DVar assimilation system. The model configuration and parameterization schemes adopted were as follows. Two model domains were used with horizontal grid spacings of 15 km in domain 1 and 3 km in domain 2. The number of vertical levels was 51 with a model top of 50 hPa. The model domains and radar stations are shown in Fig. 2 . We used the Kain-Fritsch (KF) cumulus parameterization scheme (Kain and Fritsch 1990) in domain 1, but no cumulus parameterization was applied in domain 2. Other options were the Mellor-Yamada-Janjić (MYJ) planetary boundary layer model (Janjić 1994) , Thompson microphysics scheme (Thompson et al. 2004) , Noah land surface model (Chen and Dudhia 2001) , Rapid Radiative Transfer Model for GCMs (RRTMG) longwave radiation, and RRTMG shortwave radiation (Iacono et al. 2008) .
As shown in Fig. 2 , nine radars were used in the data assimilation: Riverton, Wyoming (KRIW); North Platte, Nebraska (KLNX); Cheyenne, Wyoming (KCYS); Denver, Colorado (KFTG); Grand Junction, Colorado (KGJX); Goodland, Kansas (KGLD); Pueblo, Colorado (KPUX); Dodge City, Kansas (KDDC); and Grand Island, Nebraska (KUEX). Quality control was performed using the software package in the VDRAS (Sun 2005) . Observations used for rainfall verification were quantitative precipitation estimates from the Multi-Radar Multi-Sensor System developed by the National Severe Storms Laboratory .
The radar data assimilation experiments used the twostep procedure of Tong et al. (2016) , in which radar observations are assimilated in a second step after conventional observations from the Global Transmission System (GTS; including radiosonde, surface network, and aircraft data) are assimilated in a first step. Analysis from the first step provides a background first guess for the radar data assimilation. The two-step assimilation enables the use of a shorter length scale and analysis cycle for the radar data assimilation, which was shown by Tong et al. (2016) to allow effective assimilation of radar observations at the convective scale, with reduced analysis noise. In this case study, as illustrated by Fig. 4 , the first 3DVar assimilation cycle began at 1200 UTC 29 July 2014 with Global Forecast System (GFS) analysis as the background field, and 3-hourly analysis/ forecast cycles were run through 0300 UTC 30 July 2014 in step 1. The radar data assimilation began in step 2 with the step-1 3DVar analysis as the first-guess background every third hour (i.e., 1200, 1500, 1800, . . . UTC), and three continuous hourly 3DVar cycles for radar data assimilation were run in between. There were 0-12-h forecasts initiated at 1500, 1800, 2100, 0000, and 0300 UTC, after the 3-hourly cycles of radar data assimilation.
To demonstrate the no-rain data assimilation effect, six radar data assimilation experiments were conducted. A summary of the experiments is provided in Table 2 . The baseline control experiment (ExpCNTL) refers to one without the no-rain data assimilation. The other five experiments differ by the alpha threshold and size of the neighborhood box used. In ExpNR, we assimilated norain data with a box size of 30 km 3 30 km 3 3 km (x, y, z directions) and an alpha threshold of the no-rain dataset at 75%. Both ExpNRR15 and ExpNRR45 were the same as ExpNR, but they used different box sizes, i.e., 15 km 3 15 km 3 3 km (x, y, z directions) and 45 km 3 45 km 3 3 km (x, y, z directions), respectively. Similarly, ExpNRP50 and ExpNRP100 were the same as ExpNR except for using different alpha thresholds. Those thresholds in ExpNRP50 and ExpNRP100 were 50% and 100%, respectively. The neighborhood-based fractions skill score (FSS) was used to assess quantitatively the precipitation forecast performance. The FSS is defined by the following (Roberts and Lean 2008) :
where p f and p o are the forecast and observed fractional coverages of an elementary area by rainfall exceeding a given threshold value, and N represents the number of grid points in the verification domain. In addition, BIAS and false alarm ratio (FAR) were used to evaluate whether the no-rain assimilation scheme could reduce the bias and number of false alarms in the precipitation forecast. They are defined as
and
where a, b, and c are the numbers of hitting, false-alarm, and missing grids. The results of FSS, BIAS, and FAR from ExpCNTL, ExpNR, ExpNRR15, ExpNRR45, ExpNRP50, and ExpNRP100 (Table 2 ) are compared in Figs. 5 and 6 for thresholds of 1 and 5 mm, respectively. The skill scores were computed over five forecasts initialized at 1500, 1800, 2100, 0000, and 0300 UTC. Generally, all of the norain assimilation experiments substantially reduced BIAS and FAR, but had only a minor impact on FSS. Among the sensitivity experiments, ExpNRR45 produced a slightly higher FSS for both precipitation thresholds while yielding less BIAS reduction than the other experiments. The BIAS of ExpNR (ExpNRR15) was closest to 1 for the threshold of 1 mm (5 mm), and ExpNR generally produced slightly higher FSS than ExpNRR15 for both precipitation thresholds. Compared with ExpNRP100, the BIAS results for ExpNR and ExpNRP50 are comparable and close to 1. Compared to ExpNR and ExpNRP50, ExpNRP100 also produced a larger FAR and a slightly higher FSS. Figure 7 shows a comparison of hourly accumulated precipitation between the observations, ExpNR, and ExpCNTL ending at 1600 and 2000 UTC 29 July 2014, from 1-and 5-h forecasts initialized at 1500 UTC 29 July 2014. The rainfall structure at 1600 UTC (Fig. 7a indicates that convection was still in its initiation stage, with disorganized precipitation mainly in northwestern Wyoming and western Colorado. Small but heavy rainfall areas are evident around the Oklahoma Panhandle. ExpCNTL, without the no-rain assimilation, clearly overpredicted the precipitation in Wyoming and produced spurious convection in southwestern Colorado (Fig. 7b) . ExpNR, with the no-rain assimilation, successfully reduced the precipitation area in Wyoming and reduced spurious convection in southwestern Colorado (Fig. 7c) . At 2000 UTC, both experiments produced largely similar features; however, ExpNR slightly reduced both the overprediction in Wyoming and false precipitation in west-central Colorado from ExpCNTL (see the boxed areas A and B in Figs. 7d-f) .
During the developing stage (Fig. 8a) , small but heavy precipitation centers began to develop in Wyoming and Colorado. Again, ExpCNTL overpredicted the precipitation in Wyoming and Colorado at 1-h forecast time, especially near the Wyoming-Colorado border and in southwestern Colorado (Fig. 8b) . In contrast, ExpNR successfully reduced the false precipitation in these regions at 1900 UTC (Fig. 8c) . The precipitation clusters (C, D, and E) were better captured in ExpNR (Figs. 8d-f) , exhibiting improved pattern resemblance with the observations. This suggests that the no-rain data assimilation cannot only decrease false convection but also improve actual convection. The false precipitation near the Oklahoma Panhandle was not corrected because of a lack of radar data (Fig. 2) .
During the mature stage (Fig. 9a) , precipitation intensified and covered southeastern Wyoming and a large part of eastern Colorado by 0100 UTC 30 July. ExpCNTL successfully captured the intensification in eastern Colorado but generated false alarms in northwestern Wyoming, which were successfully reduced by ExpNR at both forecast times shown. At 0400 UTC, both experiments predicted a large area of precipitation in eastern Colorado, instead of the separate systems evident in the observations, although the precipitation area of ExpNR was slightly smaller.
The suppression of false alarms can be attributed to the improved 3DVar analyses of the water vapor field by applying the pseudo-water vapor assimilation scheme presented in section 2, which improved the temperature and wind fields. Figure 10 shows root-mean-square errors (RMSEs) of horizontal wind components, temperature, and water vapor analyses against all 10 radiosondes in the 3-km domain. Here, the RMSEs are calculated by interpolating model data to the radiosonde's location. The water vapor field appeared to have the largest error reduction from the no-rain data assimilation, whereas the RMSEs for the other three fields all showed a slight decrease. Figure 11 shows the RMSEs of horizontal wind components, temperature, and water vapor analyses against all 781 surface METAR stations in the 3-km domain. It is seen that the RMSEs of surface temperature and water vapor were substantially reduced by ExpNR compared with ExpCNTL. Figures 12 and 13 present the difference fields of the water vapor mixing ratio and temperature between ExpNR and ExpCNTL on the 1st (;950 hPa) and 20th (;400 hPa) model levels, respectively, at 1900 UTC 29 July 2014 (1-h forecast). A negative region of water vapor with large magnitude is evident in southern Wyoming in Fig. 12a , corresponding to the reduction of spurious convection there, as shown in Fig. 8 . Major differences are also found in temperature in Fig. 12b , which shows a warm region with a maximum ;48C. This warming was likely caused by reduced evaporative cooling corresponding to decreased rainfall when the no-rain data were assimilated. In contrast, the midlevel temperature was reduced by the no-rain assimilation because of decreased condensation (Fig. 13b) .
A very important contribution of the no-rain data assimilation is to help maintain the total water balance over the model domain. It is well known that by not considering advection through the model boundaries, total water within the domain should be conserved. By forcing air to near saturation where precipitation is observed as in ExpCNTL, the total water in the model domain is not conserved. That is one of the reasons for overprediction, and the problem worsens with more continuous cycles. Figure 14 shows that the total water over the 3-km domain increased substantially with respect to cycle time, noting that there were only three continuous cycles in our 3DVar configuration (Fig. 4) . In contrast, the no-rain assimilation in ExpNR approximately maintained the amount of total water in the domain. To mitigate the effect of the total water advected through the lateral boundary, the calculation shown in Fig. 14 excluded 36 grid points near the boundaries.
Real-time evaluation for summer 2016
Given the encouraging results from the above case study, we further applied the no-rain data assimilation scheme in real time for 68 days in summer 2016, beginning on 15 June and ending on 21 August. The real-time configuration was similar to that illustrated in Fig. 4 .
Following a daily restart from the GFS analysis at 1200 UTC, eight continuous analysis/forecast cycles updated every 3 h were conducted, which produced eight 0-12-h forecasts daily and 544 forecasts in total. Both ExpCNTL and ExpNR were run to compare the impacts of the no-rain data assimilation scheme. Figure 15 shows the average FSS, FAR, and BIAS results with 95% confidence intervals across the 544 forecasts, using thresholds of 1-and 5-mm hourly precipitation. This confirmed the finding from the case study that the no-rain data assimilation successfully reduces the high BIAS and false alarm rate of the precipitation forecast, meeting the objective for developing the scheme. What makes us confident about the scheme's performance is that it does not generally reduce FSS skill, although there was a slight FSS increase in the first three forecast hours for the 1-mm threshold and slight decrease at some forecast hours for the 5-mm threshold. The results from the real-time experiments indicate that both false convection and overprediction were greatly reduced by the no-rain data assimilation. Figure 16 shows the hourly precipitation results for 1 July 2016 from ExpCNTL and ExpNR for an example of scattered convection. At 0100 UTC, there were major convective activities in eastern Colorado and northwestern Texas (Fig. 16a) . Compared with the observations, ExpCNTL overpredicted scattered convective activity near the Colorado Front Range and in New Mexico (Fig. 16b) . In contrast, the ExpNR forecast agrees much better with the observations, with reduced spurious convection (Fig. 16c) . At 0300 UTC, spurious storms in central Colorado, northwestern New Mexico, and northern Oklahoma were all suppressed, resulting in a much cleaner forecast that agrees well with the observations. As in the case study, spurious convection in the Texas Panhandle was not suppressed because of a lack of radar observations there. An example of an organized mature storm system, at 0400 UTC 25 July 2016, is shown in Fig. 17 . For this day, there were mainly two differences between ExpCNTL and ExpNR. One was the areal coverage of the main system, which was overpredicted by ExpCNTL and improved by ExpNR. The other was that ExpCNTL produced some false precipitation over New Mexico, which was somewhat suppressed by ExpNR. By reducing the precipitation area, ExpNR successfully forecast a gap between the two main precipitation clusters near the southern end of the Colorado-Kansas border, whereas ExpCNTL generated some false alarms at that location. By 0700 UTC 25 July 2016, the convective system had moved east-northeastward, and the area of the main convective system from ExpNR remained smaller than that of ExpCNTL.
Summary and conclusions
In this paper, we present a scheme developed within the WRFDA 3DVar indirect radar data assimilation system for assimilating no-rain data from radar reflectivity. A ''neighborhood'' method was used to ensure that false convection is removed correctly, without negative effects on the actual convection. To avoid convection growing again after a few hours in the forecast, we adjusted water vapor mixing ratios to remove excess humidity. If the conditions for no-rain data assimilation are satisfied, water vapor is reduced to a specified percentage (90% in most of the experiments) over its background value in each hourly assimilation cycle. The conditions for assimilating no-rain data include three principal criteria. First, the background rainwater, snow, or graupel mixing ratio must be greater than zero, and the water vapor should be close to its saturated value (herein, 85% of that value). Second, the height of the no-rain data should be above the LCL. Third, the proportion of no-rain data in its neighborhood must be greater than a threshold value.
The scheme was first tested by a convective case in eastern Colorado on 29 July 2014 by comparing two experiments, that is, without (ExpCNTL) and with (ExpNR) the no-rain data assimilation. A number of sensitivity experiments were also run to examine how responsive the scheme is to two adjustable parameters, namely, neighborhood size and the proportional amount of no-rain data in the neighborhood (alpha threshold). The case study demonstrated that the scheme was capable of reducing BIAS in the precipitation forecast and the false alarm rate while maintaining the FSS. The norain data assimilation has reasonable sensitivity to the neighborhood radius and alpha threshold. Although all sensitivity experiments were able to reduce the precipitation bias, a larger radius and moderate alpha threshold produced superior results.
The improvement in precipitation skill was attributable to an improved balance of total water content in the 3DVar analysis. By assimilating the no-rain data, the problem of extra moisture added in the original FIG. 13 . As in Fig. 12 , but on the 20th model level.
FIG. 14. Averaged total water content over the inner domain for the analyses from the zeroth to third radar data assimilation cycles (g kg 21 ).
pseudohumidity assimilation scheme was corrected. Verification against 10 radiosonde soundings in the 3-km domain suggested that the assimilation of no-rain data improved the wind, temperature, and water vapor mixing ratio. The reduction of water vapor in areas of false precipitation resulted in midlevel cooling because of decreased latent heating and low-level warming associated with reduced rainwater evaporation.
To further demonstrate the capability of the no-rain data assimilation scheme, we ran experiments ExpCNTL and ExpNR in real time from 15 June through 21 August 2016. Consistent with the case study, the false alarm rate and high BIAS in ExpCNTL were reduced, while the FSS of the precipitation forecast changed only slightly. Realtime demonstration also proved that the scheme was robust across different types of severe weather. Therefore, there was adequate statistical evidence to conclude that the neighborhood-based, no-rain data assimilation scheme improves short-term convective precipitation.
It is also worth noting that the threshold of 5 dBZ for choosing the no-rain data is empirically determined and may not be suitable for winter storms. The uncertainty in choosing the no-rain data can result in overly drying out the air in cases of drizzle and ice anvil clouds. The utilization of hydrometeor classification from polarimetric radar measurements is expected to improve the identification of the no-rain data. Additional observations from surface rain gauges and satellite cloud information will also help improve the selection of no-rain data. Although the scheme was demonstrated using WRFDA 3DVar in the current study, it can be applied to any variational data assimilation system, including 4DVar and hybrid variational systems. The no-rain data assimilation technique presented herein will be examined within these systems in the near future. 
